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Introduction
Most risks that we face are not known with precision. The risks posed by climate change, the cancer risks created by breast implants, the potential for adverse reactions to a new drug, and the threat of mad cow disease are all highly uncertain. For example, one prominent British scientist offered the rather imprecise risk judgment that the human form of mad cow disease, or Creutzfeldt-Jakob disease, would kill from 500 to 500,000 British consumers.' Such uncertainty is the norm rather than the exception. Substantial ambiguity exists regarding the extent of the hazard even for risks for which there is substantial agreement, such as the hazards of cigarettes. The extent of the health risks posed by environmental tobacco smoke remain hotly debated, as some studies indicate substantial risks and others fail to indicate any significant risk.
How do people respond to situations in which there is a diversity of opinion regarding the level of the risk? Ideally, they should make risk inferences in a rational manner; where we will take Bayesian learning as the rationality reference point. When there are competing scientific risk judgments, how people process the information will depend on their prior beliefs, the precision of their prior beliefs, the risks indicated by the scientific studies, and the weight they place on these studies. There are many ways in which people might use such scientific studies, such as by averaging their implications or placing a higher weight on the more credible study. Some of these changes in risk beliefs in response to new information will be consistent with rational learning, whereas others may not. In this paper, we present original survey evidence in which respondents consider a variety of information scenarios, making it possible to assess the consistency of the treatment of different scientific risk studies.
To the extent that behavioral predictions are possible based on evidence in the literature, it would suggest that people may exhibit anomalous behavior when there is ambiguity regarding the magnitude of the risk. Consider, for example, the implications of the classic Ellsberg (1961) paradox. In that experiment, subjects considered two urns, one of which offered a known probability of winning a prize, whereas the other offered an uncertain chance of winning a prize. Respondents were averse to ambiguous chances of winning the prize, compared to a lottery ticket with precisely known probabilities and the same mean probability value. Researchers have identified similar phenomena with respect to small probabilities of a loss, because there is often a tendency toward ambiguity aversion that is not consistent with rational expected utility theory.
The issues addressed in this paper represent a variant on this ambiguous risk structure. Moreover, we have coupled the presence of risk ambiguity with different risk information sources, whereas in earlier studies, such as Viscusi and Magat (1987) , there is no difference in the source's identity. Suppose that there are two different parties providing risk information, and their views are different. How do people process the divergent risk judgments? Consider the situation of an industrial polluter, which might be expected to have a vested economic interest in downplaying the risk or even misrepresenting it. To what extent does it matter whether the risk evidence is from industry or government? When is individual differentiation between those risk sources entirely rational, and is there any reason to believe that people fail to process diverse risk information rationally?
The substantive focus of the study will be on how people respond to different assessments of the risk of cancer due to air pollution. Cancer is a chief source of individual risk that is often ambiguous. The use of an air pollution context enables us to consider risk estimates in the policy arena, including both business and government. In each case, respondents will consider two different sources of risk information about the potential cancer risk. These informational sources could be both government or industry sources, or possibly a mixture of industry and government sources. Because the polluting firm will have less of an incentive to reveal accurate risk information about the hazards it generates than might the government, an interesting economic issue is how people will process these divergent risk judgments depending on their source and the risk levels associated with them. Unequal weighting of such scientific evidence may be entirely rational. In the case of our study, however, respondents will consider a variety of different informational combinations. Ideally, people should be consistent in how they weight risk evidence across different risk scenarios.
The key issue we explore here is how risk judgments and relative weighting of diverse scientific evidence varies with personal characteristics. Demographic factors may be consequential. Women, for example, have shown themselves to be more averse to facing health hazards than are men.2 A personal characteristic of particular saliency is individual smoking status. Do people who have self-selected themselves into this extremely dangerous consumption activity process risk information differently than do nonsmokers with similar demographic profiles? The analysis of the distinctive behavior of cigarette smokers with respect to this informational context is of interest since cigarette smoking involves a risk for which there are continuing battles between the cigarette industry and government officials focused on the hazards of environmental tobacco smoke.
The organization of this paper is as follows. Section 2 outlines the theoretical structure for the study and the empirical formulation of the model that will be tested. Section 3 presents the empirical estimates of the effect of the different risk information sources and the different risk levels on individual risk judgments. Section 4 focuses on the role of smoking status and its effect on the processing of risk information. As indicated in the concluding section 5, individuals do not treat the different kinds of information based solely on the credibility of the source. Rather, they tend to place disproportionate weight on the high risk assessment, particularly when there are conflicting risk judgments. Cigarette smokers are less likely to exhibit such alarmist behavior.
Theoretical Structure and Empirical Framework

Theoretical Structure
The basis for the study is a survey of adults in which they considered moving to one of two areas, area 1 or area 2. Each area posed a risk of cancer, but they differed in terms of how the risk was characterized. Area 1 posed an uncertain cancer risk level S for which there were two divergent risk judgments involving industry, government, or a mix of sources. Area 2 has cancer risk level R that is estimated with precision and will thus serve as the reference point for the level of the precisely understood risk that is equivalent to uncertain risks. The survey proceeded iteratively using an interactive computer program until respondents identified the known risk R in area 2 that they believed was equivalent to the ambiguous risk in area 1.
The advantage of considering a move to an undefined new area is that respondents will not bring to bear their prior beliefs regarding their current risk situation. Each area was, in effect, an abstraction for which there was only survey information regarding the area's chemical hazards based on two different studies. The study could consequently be a pure informational experiment in which all that transpired was an effort by respondents to find a known risk value that was equivalent to an area in which there were two studies that differed in terms of the implied risk level.
The nature of the informational context is noteworthy as well. For personal risk-taking activities, such as smoking, some researchers have hypothesized that people may discount risk evidence for a risky activity they have chosen. Air pollution, which is the case study for this analysis, is a hazard outside of the individual's control. This risk is involuntary and inflicted by a polluting industry in which the respondent has no economic interest. Moreover, air pollution is a public hazard that poses similar exposures to all, although the actual risks may differ if, for example, one is asthmatic. The survey design consequently avoids any influence of risk perceptions being influenced by a desire to justify relatively great personal risk taking.
The two information sources were scientists from the polluting chemical industry (denoted by i) and scientists from the government (denoted by g). Respondents received no information about the nature of the scientific studies or their timeliness, so there was no reason otherwise to differentiate between them. The Appendix presents sample survey questions.
If we let U denote utility in the healthy state and V denote utility with cancer, the task is for respondents to find the value of the known risk R in area 2 that gives them the same expected utility in both locations, or
(1 -S) U + SV= (1 -R)U + RV.
From the standpoint of the survey structure, respondents are picking the known risk R that satisfies R = S.
Thus, the structure of the utility functions and the character of the rewards structure are not consequential because the U and V terms drop out. For this binary lottery, the task is simply to find the precisely understood probability R that is equivalent to the subjective risk assessment S in terms of the attractiveness of the chance of getting cancer in that area. The nature of the study makes the value of the equivalent precise risk R observable, because that precise risk value is simply the cancer in area 2, where the risk is known. By construction, the survey determines the value of R that is equal to the respondent's subjective risk assessment S, which is not observable. Thus, for S we know the two pieces of risk information that are provided to respondents, which are the low and high risk estimates. Although we do not know how respondents use the information in altering their subjective risk assessment S, we know that the result of this process is to get S equal to R, thus making possible an empirical analysis of how people form their risk beliefs.
To impose some structure on the learning process, we will adopt what we call a "naive The weights on p, slj, and s2k are the respective fractions of the total information reflected by each information source, where these fractions sum to 1.0.
By design, the experimental manipulation gave respondents evidence from two studies and did not indicate any overlap between them. If the studies were overlapping and not independent, the interpretation of the information weights changes somewhat, but one is still led to a linear formulation such as that in Equation 3.3 For example, assuming a normal distribution rather than a beta distribution, the weights on the two risk studies are the amount of information unique to the two risk studies divided by the total amount of nonoverlapping information. Similarly, in Equation 3 the weights are the fraction of the total information associated with each information source. Thus, the presence of overlapping information simply alters the interpretation of the coefficients.
A variety of symmetry conditions emerge from this formulation. The key property driving these results is that the informational value of a given source is independent of the other information source (i.e., nonoverlapping information). Let Low(j, k) denote the information weight on the low risk assessment when the low risk value is from source j and the high risk value is from source k. The high risk information weight High(j, k) is defined analogously. If the same party is providing both risk judgments, the information weights should be the same because there is no reason given in the survey for why a high or low risk value from an identical source should differ in terms of credibility. Consequently,
and Low(g, g) = High(g, g).
When there are two information sources, the weights implied by Equation 3 always give the same weight on a particular party's risk information, whether it is the high or low risk judgment, or Low(g, i) = High(i, g),
and Low(i, g) = High(g, i).
Equally credible information for both parties, which is the situation in which the precision parameter is the same for both parties, leads to Low(j, k) = High(j, k) in all instances. Deriving Equations 4-7 simply involves implementing Equation 3 for the specific case indicated. The precision parameter depends on the information source, not on the implied risk value, so the informational content of a government study is Otg and is ac for an industry study. Thus, we have
which is identical to High(i, i). Similarly, Low(g, i) = oxg/(ao + Otg + xOt),
and High(i, g) = ag/(axo + xi + cxg),
which satisfies Equation 6. The other conditions also follow in a straightforward manner. One could envision more complicated learning processes that were rational and did not satisfy the properties of this naive Bayesian model. People's processing of risk evidence may depend not only on the party making the assessment but also on the risk estimate. For example, results from industry studies may have a greater effect when the estimates are high if people believe that the industry would conceal unfavorable information unless it was particularly compelling. The empirical analysis will permit a broad analysis of such influences. However, the interpretation of whether results imply a form of irrationality hinges on adoption of the naive Bayesian model specified above.
Empirical Formulation
Implementing Equation 3 empirically is straightforward. The dependent variable is the equilibrating known risk R that respondents equated to their subjective risk assessments S for the area with uncertain risk assessments. Thus, for purposes of estimating Equation 3 
Even permitting the relative information weights to vary with the information type may not be a sufficiently general formulation. The information content parameters ax, axj, and c2k in Equation 3 may vary with personal characteristics. Section 4 will explore the most salient of these interactions, which is the relationship between smoking status and the information weights.
The Data Base
The sample used in this study consisted of 143 adult participants, who were recruited by a market research firm to participate in the study. The Appendix summarizes the sample characteristics. Respondents took the survey using a computer program that proceeded interactively until the equilibrating R value was obtained. The sequence of pairwise comparisons varied depending on the respondent's previous answers so as to produce convergence. The computer format also eliminates interviewer bias and may produce more accurate responses to sensitive questions dealing with personal characteristics, such as age. As is indicated in the sample questions in the Appendix, the respective risks in area 1 and area 2 were for "the chance of getting cancer from the pollution in each area." The different information combinations received by respondents were two government studies (g, g), two industry studies (i, i), an industry low risk study with a government high risk study (i, g) and a government low risk study with an industry high risk study (g, i).
The Table 1 provides a summary of the mean responses for each of the six scenarios and each of the four informational combinations. In every case, the overall mean responses were somewhat greater than the midpoint of the range of the two studies. The risk range varied both in absolute and percentage terms because the nature of the responses was not clear a priori. For example, in comparing the responses to (100, 300) to (100, 900), one might hypothesize that people would focus more on the high risk estimate when the studies become more disparate. Or they might simply dismiss the high risk estimate if the low risk value was from a more credible source, as in the case of the (g, i) results for (100, 900), for which the response is 505, which is well below the overall sample mean. Because of the substantial differences in responses across individuals, the subsequent regression results are more illuminating in highlighting the patterns of interest.
Empirical Results for Basic Learning Models
The regression estimates of equation 12 appear in Table 2 . These estimates are for the entire sample, where results from the different types of information provided to the respondents are pooled in a single regression. In each case, the dependent variable is the equilibrating risk (i.e., the number of cancer cases per one million population) in area 2 that the respondent found to be indifferent to the situation in area 1, in which two risk assessments were provided. Subsequent results will disaggregate the findings by information group, but there are no significant differences between the pooled and aggregate results.4
Column 1 in Table 2 includes the basic elements of the risk belief model. In recognition of the individual's prior risk beliefs, the equation includes an intercept term as well as a series of personal characteristic variables pertaining to the respondent's age, race, gender, years of schooling, income level, and marital status. Column 1 in Table 2 permits the intercept term to vary across different information combinations. The equation includes dummy variables for the particular information group in which the respondent participated. For example, governmentindustry pertains to the situation in which the low risk value was from the government, and the high risk assessment was from industry. Thus, the informational content provided by the scientific studies can potentially influence the degree to which prior risk beliefs affect the overall risk perception by altering the relative weight accorded to one's prior beliefs. Table 2 reports the coefficient estimates and the standard errors in parentheses. Use of ordinary least squares to estimate the regression in a situation in which the dependent variable is bounded (i.e., it cannot be below zero) creates potential problems of heteroskedasticity; as a result we also report the heteroskedasticity-adjusted standard errors in brackets.5 Moreover, appropriate calculation of the standard errors must also take into account that respondents considered multiple risk information scenarios. To account for such influences, the bracketed standard errors are the robust and clustered standard errors shown in brackets, which were calculated using the procedure described in Huber (1967) . The linear model in Equation 12 offers the strength that it is directly linked to the theoretical structure in Equation 3, which is also linear. From a Bayesian learning standpoint, the principal variables of interest in Table 2 are the coefficients on the low and high risk variables. These weights simply represent the relative proportion of risk information associated with the low and high risk information; that is, the fraction of the available information linked to each source. Based on the theoretical model in Equation 3 above, these proportions will sum to 1.0 if no weight is given to the prior belief and will be less than 1.0 if there is some nonzero proportion of the informational content accorded to the prior. If the two risk assessments are treated symmetrically, then these coefficients will be equal. In the extreme situation in which respondents view the risk studies as being the dominant source of information and the prior risk beliefs have no role whatsoever, the sum of the low and high risk coefficients will equal 1.0. If prior risk beliefs are consequential, then the sum of the low and high risk coefficients will be less than 1.0. The estimated sum of these coefficients is 1.01 (column 1), but this value is not significantly different from 1.0.6 This result is consistent with the prediction of the Bayesian learning model that the informational weights on the low and high risk information sources should sum to a value less than or equal to 1.0. One can, however, reject the hypothesis that the information weights are equal, because the high risk weight is greater.7 The naive Bayesian model's symmetric treatment of information can be rejected. People do not treat the information with equal weight but, instead, accord a greater weight to the higher risk judgment. The information source dummy variables are not statistically significant so prior beliefs are not affected by the source, as is consistent with the theory. 5 For the analogous linear probability models, estimates of the coefficients will not be efficient so that a heteroskedasticity adjustment is appropriate. See Maddala (1983, pp. 15-16 ). In our case, the dependent variable is not a 0-1 dichotomous variable, nor is it censored or truncated, as the values of the variable should naturally fall in the interval [0, 1]. There were no predicted values outside the [0, 1] range, so the endpoint constraints were not binding. 6 To explore whether the value of the sum of the two risk coefficients was different from 1.0, column 1 in Table 2 Column 2 in Table 2 explores the character of the influences on risk beliefs in much greater detail. In particular, both the low and high risk coefficients interact with three of the four informational sets to reflect the possible different information weights for the parties. The omitted interaction is for the g-g combination. These differences are statistically significant, because one can reject the hypothesis that this set of interactions is zero.8 This informational combination forms the baseline risk coefficient estimates in column 2, as respondents place a relative weight of 0.58 on the low risk information provided by the government and a weight of 0.50 on the high risk information provided by the government.
To obtain comparable estimates of the effect of different information sources on the informational weights, one must add the coefficient of the interaction term to these low and high risk coefficients. As it turns out, it matters a great deal who has provided the risk information. In the case of the i-i interaction set for which all information is from industry, the low risk weight is less than that for the g-g combination, and the high risk weight is higher than the gg combination. These differences are statistically significant for the unweighted standard errors but not for the heteroskedasticity-adjusted standard errors. The relative weight on the high risk information is 0.56, compared with a relative weight of 0.46 on the low risk information. The point estimates for the i-i mix of information leads to a higher weight on the high risk outcome than the low risk outcome, which is a reversal of the pattern observed for the g-g information set.
The differences become particularly stark and statistically significant once there is a mix of risk information sources. In the case of the g-i risk information combination, the low risk information provided by the government has a much lower weight than in the g-g combination, and the high risk information provided by the industry has a more substantial weight. If the polluting industry itself believes the risk is likely to be high, people are particularly likely to believe that estimate as opposed to a lower risk estimate by the government. The net result is that in the g-i situation, the informational weight placed on the government risk information is 0.33, and the weight placed on the industry information is 0.64, or almost twice as much. In the situation where there is a discrepancy between the information sources, the industry information at the high risk end receives a very high weight, even higher than in the situation in which the industry was the source of both the low and high risk information. Perhaps somewhat surprisingly, the high risk assessment by industry is more consequential when the low risk assessment is given by the government risk experts, compared with experts from the polluting firm.
The final variant of information that is provided is the i-g risk information case. Do people dismiss the polluting industry's risk estimate when the government studies suggest the risk is higher than do the industry's? The low risk weight for the industry risk information in the i-g situation is smaller than the weight placed on the government low risk information in the g-g case. The net effect is that the relative weight placed on the industry low risk information in the i-g case is 0.34, and the relative weight placed on the government low risk information is 0.57.
Respondents treat the high risk information as being more informative. This pattern is borne out in the interaction results, especially in the g-i and i-g cases in which there are different information sources. This predilection for treating worst case scenarios as more consequential is consistent with observed biases in government risk regulation programs as well, because these risk policies tend to be guided by the maximum risk level or the upper end of the 95% confidence level of the risk range (see Nichols and Zeckhauser 1986; Viscusi 1992a). Individual respondents display a similar orientation in that fear of the worst case scenario receives greater weight than does the low risk assessment.
This pattern reflects what one might view as risk aversion in learning. When faced with a lottery on two risk assessments, the informationally risk-averse respondents have a certainty equivalent probability that is higher than the expected value because of the disproportionate weight on the high risk assessment.9 Such risk aversion in learning appears more prevalent when different parties are the sources of the conflicting judgments. This phenomenon is, however, independent of the shape of individual preferences and the presence of risk aversion for changes in wealth. Table 3 reports the regression estimates for Equation 11 for each risk information subsample. These results parallel the earlier findings almost identically. In the g-g risk information case, the low risk information weight is 0.58, and the high risk information weight is 0.50. The i-i informational weights are almost identical to those implied by is 0.47, and the high risk weight is 0.56. Similarly, the g-i low risk weight is 0.33, and the high risk weight is 0.64, as in the pooled regression case; in the i-g case the low risk weight is 0.34, and the high risk weight is 0.56. Permitting all the coefficients to change and not simply the risk information variable consequently has negligible effects on the influence of the relative informational weights on the two different information sources presented to respondents.
There are, however, some notable differences. In particular, the race, marital status, and smoking status variables are statistically significant in the g-g case, but only smoking status is ever significant in the other separate informational group regression results. Overall, risk perceptions tend to be higher for nonwhites and for single respondents, and they tend to be lower for smokers.
The nature of the departures from rational behavior is reflected in the character of the divergences of the estimates in Table 3 from the predicted parameter relationships. Equations 4, 5, 6, and 7 above summarize the various symmetry hypotheses for the naive Bayesian model on which they are based. This reference point assumes that informational weights depend only on the particular source and not on the risk estimate or the other information provided. Consequentially, "irrational" observed behavior may be consistent with other, more complex rational learning models. The first set of symmetry hypotheses in Equations 4 and 5 state that in situations in which both high and low risk information are from the same party, the relative informational weights should be identical. The low risk weight is greater in the g-g case, and the high risk weight is greater in the i-i cases. These differences are statistically significant in both the Low(g, g) and High(g, g) case, as well as for the Low(i, i) and High(i, i).'1 In each instance, however, the magnitudes of the differences are not great, as the weights are roughly 0.5.
Substantial differences arise once information is provided by different information sources. The informational weight conditions characterized by Equations 6 and 7 are each violated."
Moreover, there is a consistent pattern to the violations because the high risk weight is consistently larger than the low risk weight irrespective of whether the high risk information is from the government or industry. It is not so much the identity of the party conveying the high risk information but, rather, the fact that there is a diversity of views. As one would expect, the gap between the high and low risk informational weights is greater when the high risk assessment is from industry, but in each case there is a substantial spread between the size of the informational weights, ranging from 0.23 to 0.30. In situations in which there is a diversity of views, respondents place from one and one-half to two times as great a weight on the high risk assessment as on the low risk assessment.
Many of the disparities that are observed reflect consistent patterns of influence. When there are different information sources, the low risk weight is not significantly different for The effect of these kinds of influences are also reflected in the hypotheses that one would develop if government information were more credible than industry information. The outlier is Low(g, i) , because the relative information weight given to the industry's high risk assessment in this context is so large that the fraction of the informational content accorded to the government's low risk value is reduced, leading to a violation of the hypothesized dominance of government risk information. The expected large weight that government risk information should receive in the presence of industry risk information is consequently not borne out because of the substantial attention commanded by the industry's high risk assessment in a situation of conflicting risk viewpoints. Similarly, if government risk information were dominant, one would expect High(g, i) to be the smallest entry among the information combinations, whereas in fact, it is the largest because of the extreme weight that respondents place on the high risk estimate provided by industry when the other party providing risk information is the government.
The situation in which industry information is more credible appears less plausible a priori and can also be rejected. The largest expected informational weight when industry risk information is dominant is for Low(i, g), which is close to being the smallest.
Overall, the greatest departures from the predictions of the Bayesian learning model pertain to the context in which individuals receive information from different sources. In these contexts, the weight given to the high risk assessment is excessive given the informational content generally accorded to that information source. In other respects, behavior is quite reasonable. Individuals display a responsiveness to the information provided, with positive information weights that sum to an amount that is not statistically distinguishable from 1.0.
One should be cautious in making judgments concerning the rationality of this behavior. The information weights were not consistent with the naive Bayesian model, in which information from the same source was accorded a weight that was independent of the particular risk value. However, more complicated kinds of learning may be taking place. For example, the most extreme departure that was apparent is that high risk estimates by the polluting industry play a dominant role in situations in which the government provides the low risk assessment. Given the substantial financial interest that the polluting industry would have in not disclosing the high risk level, particularly when government officials believe that the risk is lower, one might conclude that the risk must in fact be quite large for the industry to make such a disclosure. What is implied by the results is that the characteristics of the learning process do not satisfy a learning model in which respondents treat the credibility of the risk information source as independent of the stated risk values. The informational context of the divergence of expert opinions plays an important role in influencing risk beliefs.
Smoking Behavior, Personal Characteristics, and the Processing of Risk Information
As a group, smokers face extremely high risks as part of their smoking activities, with lifetime smoking-related mortality risks on the order of 0.18-0.36 (Viscusi 1992b, p. 70) . More-over, these mortality risks are the subject of substantial public information efforts, both on the part of the government and the media. How do smokers think about risks in nonsmoking contexts? Examination of the risk perceptions of smokers and their responses to this experiment consequently may provide insight into whether smokers process risk information differently than do nonsmokers, where this process may also be at work in determining their smoking risk judgments. Smokers also may respond differently to risk information because they have smoked in a context in which there have been competing extreme informational claims, particularly with regard to the hazards of environmental tobacco smoke. This familiarity with self-interested information provision may affect how smokers interpret risk information more generally.
The pooled information group results in Table 2 (column 2) indicate that, overall, smokers have lower risk perceptions. However, this specification forces the effect of smoking status into the constant term, which reflects prior beliefs, and does not permit smoking status to affect how the information is processed. Once the smoker-risk information interaction terms are included (Equation 3 of Table 2 ), smoking status alone is not influential in determining risk perceptions. Smokers do not have systematically lower risk beliefs because of lower prior risk assessments.
Rather, their risk perceptions are lower because smokers place a lower weight on the high risk information provided to them. The mean effect of this difference is to decrease their risk perceptions by 33 cases of cancer per million, or 11% of the sample mean. A useful comparison is with actual smoker risk beliefs in the cigarette context. Smokers believe the lung cancer risks due to smoking are 14% lower than do nonsmokers, which is a similar discrepancy in the level of risk beliefs (Viscusi 1992b, p. 69). These lower smoking perceptions of smokers relative to nonsmokers also significantly increase the probability that these individuals smoke (Viscusi 1992b, Chapter 5). Risk-taking activities such as smoking consequently reflect a self-selection phenomenon in which the people who assess the activity as being relatively safe will be more inclined to engage in it. Similar risk information processing in other domains also could account for smokers' greater proclivity to engage in high-risk activities more generally. Smokers, for example, are more likely to be injured at home, work on more hazardous jobs, are more likely to be injured at work (controlling for objective job risks), require less compensation to bear risk, and take fewer preventive actions (e.g., flossing one's teeth or checking one's blood pressure). 16 To explore the role of smoking behavior in greater detail, Table 4 have the same risk perception as nonsmokers in the g-i case, in which the industry believes the risks are higher than does the government, generally an atypical scenario. When there is a consensus in risk beliefs, smokers will discount the high risk assessment, and when industry assesses the risk as being lower than the government, smokers also have a very low posterior risk assessment. Somewhat strikingly, when the smoker variable does not interact with the risk information variables, it is never statistically significant (Table 4) . Smokers do not differ significantly in their prior risk beliefs. The principal manner in which smokers differ from nonsmokers is not differences in prior beliefs, but rather differences in how they process the risk information they receive.17
Conclusion
Decisions involving risk are complicated and are associated with a wide variety of documented anomalies in individual behavior. It is not surprising that when these decisions become 17 Although smoking status is the key personal characteristic of policy interest, both marital status and race also were occasionally statistically significant variables as well. To distinguish whether these influences represent a difference in prior beliefs or the processing of information, the same statistical explorations undertaken above for smoking status were also undertaken for whether the respondent was single or nonwhite. In each case, the demographic dummy variables were insignificant. The only significant effect of single marital status is that single respondents place a smaller weight on the low risk assessment in the i-i information case. Nonwhite respondents place a greater weight on the low risk information in the i-g case. Differences in processing information seem to account for more risk perception differences than do differences in prior beliefs. muddled further by the presence of conflicting risk judgments that people may not respond in a fully rational manner to the risk ambiguities that are present. This study explored individual risk judgments in the presence of conflicting risk information regarding the cancer risks from hazardous chemicals. The possibility that there might be differing views from industry and government scientists as well as different combinations thereof are reflected in a realistic portrayal of the kinds of disparate information that people may receive in actual risk contexts. One way people might process conflicting risk information is to simply average expert beliefs, treating them as being equally credible. This symmetric treatment may be rational, but it is not a requirement for rationality. A more general formulation of rational learning is to treat each information source in a consistent manner, which is appropriate in a world of nonoverlapping information. Respondents might, for example, weight government risk studies more than industry studies. We designated this approach the "naive Bayesian" learning model. Many of the results were consistent with the predictions of the naive Bayesian learning model in which people weight the information based on its source and treat it as an independent source of risk information. At the most fundamental level, risk judgments increased in the expected direction with the risk assessments. Studies indicating higher risk levels boosted risk perceptions. The steepness of this relationship satisfied the usual properties of a rational learning process. The relative weights placed on the information, for example, sum to a value of approximately 1.0.
Some aspects of the behavior were not consistent with such a simplified learning model. These anomalies provide a cautionary warning for those providing risk information in situations where there is not a scientific consensus. In situations in which there are divergent risk judgments and where the identity of the parties is different, people are particularly likely to place the greatest weight on the worst case scenario. This undue emphasis on the worst case possibility is accentuated when there are different sources of risk information, as opposed to a single information source but with different risk estimates. People are particularly skeptical of low risk estimates from the polluting industry in situations in which the high risk estimate is from the government agency. This dismissal of industry risk information in this context may reflect the fact that people do not weight the industry risk information independent of the risk information context and the underlying economic incentives of the parties. When both of the risk assessments are from the industry, however, people are less likely to dismiss the industry low risk estimate.
Situations in which experts differ are consequently likely to generate alarmist responses to dimly understood risks. These reactions in turn will create public pressures for stringent regulation. Regulators as individuals may be subject to the same biases, and to the extent that they are responding to political pressures from an alarmed public, these biases will be reinforced. The result, as is documented in Viscusi (1998), is that policies often reflect a variety of conservative biases in which there is excessive regulation of imprecisely understood risks, compared to better known risks with higher mean risk values. This bias is a reflection of the same kinds of risk judgment biases found in our study. The behavior of cigarette smokers was particularly instructive because it afforded an opportunity to assess how smokers process risk information and make risk judgments in another risk context. Controlling for other demographic characteristics, smoking status had an important influence on risk beliefs. It is noteworthy that smokers do not differ from nonsmokers by simply having lower prior probability values for the risk. There is not simply a difference in smokers' prior beliefs. Rather, they process risk information differently than do nonsmokers. Overall, there is less of a tendency for nonsmokers to place a disproportionate weight on the high risk assessments they receive.18 Moreover, smokers are particularly likely to dismiss the low risk assessment by industry in situations in which the government is providing a higher risk value. This situation parallels many risk contexts in terms of the respective role of industry and government in providing divergent risk information estimates. Making judgments regarding the rationality of smokers' information processing is more problematic. If the behavior of nonsmokers serves as the rationality reference point, then smokers clearly fall short through their underestimation of risks. However, nonsmokers placed a disproportionate weight on the high risk assessments and had a more exaggerated response to risk information than would be predicted by a naive Bayesian learning model. Smokers' failure to integrate risk information in the same manner as nonsmokers is not necessarily evidence of irrationality. What is clear is that smokers are likely to process risk information in a manner that is less sensitive to the high risk estimates they receive, with the result being lower risk beliefs. This pattern of behavior for a nonsmoking risk context may explain in part why smokers believe that the risks of smoking are less than do nonsmokers.19 Moreover, it may also help account for the greater risk-taking behavior of smokers across a variety of domains of choice. The Survey Some chemical companies cause air pollution, and this air pollution can cause cancer. In other words, the factories that make chemicals can make the air unhealthy to breathe.
Suppose that there are two chemical companies, one in area 1 and one in area 2. Both of these companies cause air pollution, and their air pollution can cause cancer.
The company in area 1 is not exactly the same as the one in area 2, so the chance of getting cancer in each area is different.
As we have done before, we will ask experts to estimate the chance of getting cancer from the pollution in each area. But this time we are going to tell you who the experts are. Some of the experts work for the government and some of the experts work for the companies that cause the pollution.
For area 1, the government expert and the company expert DO NOT AGREE. That is, the government expert thinks the risk in area 1 is different than what the company expert thinks.
A lot of research has been done in area 2, and the scientists have learned the exact risk of cancer from air pollution. The government expert and the company expert both agree on this number.
As we have done before, we will ask experts to estimate the chance of getting cancer from the pollution in each area. But this time we are going to tell you who the experts are.
Some of the experts work for the government and some of the experts work for the companies that cause the pollution. 
